Compositional data--that is data where concentrations are expressed as proportions of a whole, such as percentages or parts per million--have a number of peculiar mathematical properties which make standard statistical tests unworkable. In particular correlation analysis can produce geologically meaningless results. Aitchison (1986) proposed a log-ratio transformation of compositional data which allows inter-element relationships to be investigated. This method was applied to two sets of geochemical data--basalts from Kilauea Iki lava lake and grantic gneisses from the Limpopo Belt--and geologically 'sensible' results were obtained. Geochemists are encouraged to adopt the Aitchison method of data analysis in preference to the traditional but invalid approach which uses compositional data.
Introduction
THE constant sum problem in geochemistry has been regarded by many as one of geochemistry's intractable problems. Meisch (t969) argued that 'the constant sum problem is one of the most important and most difficult encountered in the analysis and interpretation of geochemical data'. Ten years later the problem was summarised by Butler (1979) as follows: 'At this time it does not seem possible to satisfactorily separate the effect of percentage formation from fractionation, assimilation or whatever petrologic model the investigator may have in mind'. Recently, however, Aitchison (1986) has proposed a new method of expressing geochemical data which, it is claimed, is free from the problems of percentage data. Woronow (1987) in reviewing Aitchisons's book challenges geologists to take up this tool in their analysis of geochemical data. As yet only a few limited applications have been made of Aitchison's method and the purpose of this short paper is to apply this new approach to two data sets typical of those used in igneous petrology.
The constant sum problem
Geochemists are used to expressing the major element compositions of rocks and minerals as percentages, so. that the sum of the major elements will always be about 100%. This standard form of data presentation is potentially unsound for three reasons: 1. It introduces a negative bias into correlations (Chayes, 1960) . 2. It forces a correlation between components of the data set (Meisch, 1969) . 3. Subcompositions such as 'A', 'F' and 'M' of the AFM diagram, do not reflect the variations present in the 'parent' data set (Aitchison, 1986) . Clearly therefore, correlation, a statistical technique frequently used in geochemistry to examine the relationships betweeen oxides and elements, is fraught with pitfalls when applied to percentage data. For whilst it may be possible to demonstrate that clear correlations exist, their meaning is in doubt if they can arise from the nature of the data itself rather than as a result of a geological process (see Skala, 1979; Butler, 1986) .
This problem is familiar to geochemists although few have taken it seriously, chiefly because there has been no alternative. Recently, however, Aitchison (1981 Aitchison ( , 1982 Aitchison ( , 1984 Aitchison ( , 1986 has proposed a new approach to the statistical analysis of percentage data which has wide applications to all forms of percentage data including major element geochemical data. The purpose of this short paper, therefore, is to outline Aitchison's method, to apply it to a 'typical' set of major element data and evaluate the usefulness of the method.
Aitchison's method
The main point of Aitchison's work is that 'the study of compositions is essentially concerned with the relative magnitudes of the ingredients rather than their absolute values; (this) leads naturally to a conclusion that we should think in terms of ratios' (Aitchison, 1986, p. 65) . Thus when formulating questions about associations between variables in a geochemical data set, our thinking should be based upon ratios rather than upon percentages as has traditionally been the case. Aitchison goes on to point out that handling the variances and covariances of ratios is difficult and that a mathematically simpler approach is to take logarithms of these values. Thus he proposes that compositional data should be expressed as the covariances of (natural) log-ratios of the variables rather than the raw percentages. Aitchison (1986) proposes three ways of handling log-ratio data: 1. As a variation matrix in which the log-ratio variances are plotted for every variable ratioed to every other variable. This matrix provides a measure of the relative variation of every pair of variables and can be used in a descriptive sense to identify relationships within the data array and in a comparative mode between data arrays. 2. To ratio every variable against a common divisor. The covariances of these log-ratios are presented as a log-ratio covariance matrix. The choice of variable as the divisor is immaterial because it is the structure of the matrix which is of importance rather than the individual values of the covariances. 3. To ratio every variable against its geometric mean. This gives rise to a centred log-ratio covariance matrix. This has the conceptual advantage for the geochemist that no one element is singled out as the divisor (see Butler and Woronow, 1986 ).
Data analysis
In this study two major element data sets are analysed using Aitchison's methodology. The first, a suite of basaltic volcanic rocks from Hawaii was chosen because of its apparent geological simplicity, that is the chemical variability appears to be the product of only one process. The second suite, metamorphosed tonalitic and trondhjemitic gneisses are thought to be more complex and their chemistry a function of a number of different processes.
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Following the method of Aitchison (1986) the chemical analyses (Tables 1 and 2 ) were recalculated as log ratios and the variation matrix, the covariance matrix and the centred covariance matrix for the two data sets are presented in Tables 3 and 4 . the covariance matrix was calculated using TiO2 as the common divisor, although Aitchison (1986) makes it plain that any variable from the data set will do. The slight differences between the variances between TiO2 and the other oxides calculated in the variation matrix (Tables 3a and 4a ) and the variances in the log-ratio covariance matrix (Tables 3b and 4b ) are a consequence of rounding errors from two separate calculation methods. The variation matrix was calculated in a spread-sheet and the covariance matrices were calculated using the statistical package SPSS-x.
The results of the data analysis will be considered in two different ways, in keeping with two different styles of data analysis. Firstly, the results are inspected 'to see what is there', without any particular hypothesis in mind. Secondly, they are examined in the light of a particular hypothesis in order to confirm or negate that hypothesis (Love and Woronow, 1988) .
Example I. Basalts fi'om Kilauea Iki lava lake, Hawaii
The basalts of the Kilauea lki lava lake, Hawaii were chosen for this study because there is good field and petrographic evidence to indicate that their chemical variability is due to the fractionation of magnesian olivine (Fo85) from a single batch of magma (Richter and Moore, 1966) . They contain olivine phenocrysts in a groundmass of fine grained clinopyroxene, plagioclase, titaniferous magnetite and glass with minor apatite, orthopyroxene and cristobalite. The conventional interpretation of these data using a correlation matrix (Table la and b) indicates strong associations between almost all element pairs except for those involving Mn. MnO concentrations are almost constant.
(i) Data inspection, in Table 3 the variation and covariance matrices are calculated after the method of Aitchison (1986) . in the variation matrix (Table 3a) the highest values are for elements paired with MgO. in particular the pairs Mg-K, Mg-Ti, Mg-P, Mg-Na, Mg-Ca and Mg-AI show the gretest relative variation. The sum of the variance of all elements with MgO accounts for 65% of the total variance. The logratio covariance matrix (Table 3b) shows that the element pairs Mg-Si, Mg-Fe and Mg-Mn show the highest covariances, in this case the covar- iance between Mg and Mn, not seen elsewhere is a consequence of ratioing to Tie2, since the variability in Tie 2 inparts a variance to the ratio MnO/TiO2. The elements Na, K and P record very small covariances with all elements. In the centred log-ratio covariance matrix (Table 3c ) the element pairs Mg-K, Mg-Ti, Mg-P, Mg-Na and Mg-Ca show the highest negative covariances and Mg-Fe a high prositive covariance. In general the elements Si, AI, Fe, Mn and Ca show very low covariances. These observations may be interpreted as follows. Firstly, the variation matrix (Table 3a) highlights the fact that the greatest relative variation exists betwen MgO (indicative of olivine as the fractionating phase) and the elements excluded from olivine and concentrated in the melt--K, Ti, P, Na, Ca and A1. Further, the magnitude of the variance of the log-ratios is related to the extent to which the element is partitioned between olivine and the melt. In other words the most incompatible elements have the highest log-ratio variances.
Secondly, the log-ratio covariance matrix shows that the greatest covariances are between the prime constituents of olivine (Mg-Fe-Si and Mn), the fractionating phase. Na, K and P which show very small covariances are elements excluded from olivine and concentrated in the melt. In this particular case the results of the logratio covariance matrix should be interpreted with the caution because some ambiguity of interpretation can arise from a inappropriate choice of divisor for the log ratios.
Thirdly, in the centred log-ratio covariance matrix the negative covariances Mg-K, Mg-Ti, Mg-P, Mg-Fe, Mg-Na and Mg-Ca show the highest values, emphasising the strong antipathy between Mg (in olivine) and the elements K, Ti, P, Na and Ca which are concentrated in the melt. The positive covariance between Fe and Mg is reflected in the strong association between Mg and Fe in the mineral olivine. In contrast the elements with very small covariances Si, Al, Fe Mn and Ca show no strong association with most other elements.
(ii) Hypothesis testing. Confirmation of the olivine fractionation model comes from applying the end-member unmixing model for compositional data developed by Woronow 11991). This type of modelling is regarded as complementary to rather than relacing the log-ratio correlation analysis thus far described. Calculations based on the method of Woronow (1991) show that the rock compositions at Kilauea Iki lava lake are not controlled by pure Mg-Fe olivine but that additionaI ions present in the olivine are also important. These results are figured in Woronow (in press). Support for this observation comes from mineral analyses (Helz, 1987) which show that the olivine contains 0.15-0.35 wt.% MnO and 0.15-0.30 wt.% CaO and suggest that a slightly impure olivine can account for the observed compositional range.
Example 2. Tonalitic and trondhjemitic gneisses from the Limpopo Belt
The analyses presented in Table 2a are of comagmatic, granulite facies tonalites and trondhjemites from the north marginal zone of the Limpopo belt, Zimbabwe. The most common mineral assemblage is quartz, plagioclase (An2~>30), orthopyroxene [Mg/(Mg + Fe) = 0.44] and biotite but iron-titanium oxides are present in some rocks as are garnet, retrogressive hornblende and potassium feldspar. The interpre, tation of these data is more difficult than for the previous example for there is no physical model for the chemical variability of these rocks, although Kramers and Ridley (1989) have proposed that they are magmatic granulites and so the observed mineralogy may be primary.
The conventional interpretation of these data based on the crude correlation matrix for the percentage data (Table 2b) indicates that the strongest associations of elements are the pairs Si-Ti, Si-Mg, Fe-Ti, Ca-Ti, P-Ti, Mn-Fe, Mg- Table 4 shows the variation and covariance matrices for the log ratios.
(i) Data inspection. Following the method of Aitchison (1986) , however, the variation matrix in Table 4a shows that the element pairs with the greatest variation are Mg-K, Mg-Si, Mg-A1 and Mg-Na: The smallest log-ratio variances are between the elements Si-A1-Na and Fe-Ti-CaMn. The log-ratio covariance matrix (Table 4b) shows the greatest positive covariances between the pairs Si-K, Na-K, K-A1, Si-Na and Ca-P and negative covariances between Mg-K, Mg-Si and Mg-Na. The lowest covariances are associated with Ca and P. The centred log-ratio covariance matrix (Table 4c) shows the greatest positive covariance between Ca and P and negative covariances between the pairs Mg-K, Mg-Na and Mg-Si. Elemental associations with Mn, Fe, Ca and Ti show the lowest covariances.
These data suggest that there are two main associations amongst the major elements--a magnesian phase and a Si-A1-Na-K-bearing phase, most likely alkali feldspar. The association between Ca and P may also suggest the importance of the mineral apatite in the petrogenesis of the suite. There is however some ambiguity in these data, for inspection of Table 2a The Aitchison method, at first sight clumsy and unnecessarily complex, is a necessary approach to compositional data. However, if the data are manipulated by computer the computation need not be tedious or complex. Rather, it is incumbent upon the geochemical community to adopt this method in order to disentanNe fact from fiction in their data. From the results of this empirical study the following observations are offered in the interpretation of log-ratio matrices. 1. The high values in the variation matrix identify the element pairs which show the greatest variability. In igneous rocks this may be between a crystallising mineral and the melt or between two or more crystallising minerals. 2. High positive values in the two covariance matrices indicate strong associations between the elements and this is interpreted to mean that they coexist in the same mineral. 3. Large negative values in the two covariance matrices tend to confirm the variability indicated in the variation matrix. 4. Total variance (Tables 3a and 4a ) may turn out to be an important indicator of the processes operating in a suite of rocks. The total variance of the tonalitic and trondhjemitic gneisses (intuitively thought to be more complex than the basalts) is an order of magnitude greater than the total variance of the basalts. It should also be noted, however, that when the two samples were removed from the gneiss data set the total variance was more than halved. 5. The difference in interpretation of the two versions of the gneiss data set highlights the fact that this methodology is very sensitive to nonnormal, small data sets.
